We use recently collected retrospective survey data to estimate the displacement effect of pension wealth on household savings. The third wave of the Survey of Health, Ageing and Retirement in Europe, SHARELIFE, collects information on the entire job history of the respondent, a feature missing in most previous studies. We show that addressing measurement error problems is crucial to estimate the displacement effect when using survey data. We find that each euro of pension wealth is associated with a 47 (61) cent decline in non-pension wealth using robust (median) regression. In the presence of biases from measurement errors and omitted (unobserved) variables, we estimate a lower bound to the true offset between 17% and 30%, significantly different from zero. Instrumental variables regression estimates, although less precise, suggest full displacement.
Introduction
The demographic challenge of ageing populations has led and will lead European countries to reform their pension systems. For policymakers, understanding the effect that pension reforms will have on household and national saving is crucial. In particular, the effect of changes in pension wealth on private wealth is vital information for assessing the welfare effects of these reforms. A stylized version of the life-cycle model suggests that generous social security benefits will have a negative effect on the accumulation of private savings if households save only for retirement, i.e. crowding out of private wealth by pension wealth. However, the extent to which households offset pension wealth with other forms of wealth accumulation is difficult to gauge. From a theoretical point of view, the extent of the offset depends on a variety of other factors, such as the presence of binding liquidity constraints, the distortional effects of taxation and the fact that households might save for reasons other than retirement or may lack a basic level of financial literacy. From an empirical point of view, the econometric identification of the offset is made difficult by the lack of data on lifetime earnings and by the fact that pension wealth is typically measured with error in surveys.
In this paper we estimate whether and to what extent European households offset pension wealth with private savings. An innovative aspect of our paper is that we use retrospective data from the third wave of the Survey of Health, Ageing and Retirement in Europe (SHARELIFE), which collects information on the entire job and wage histories of older workers and retirees in 13 European countries. In this way we are able to construct measures for both the present value of past and future earnings and pension wealth at the individual level, a feature missing in most studies estimating the displacement effect.
Many papers have made attempts to estimate the displacement effect but the empirical evidence is mixed. In his seminal article, Feldstein (1974) uses aggregate time-series data for the US and shows that a 1 dollar in increase in Social Security Wealth (SSW) depresses private saving by about 40 dollar cents. However, Feldstein and Liebman (2002) point out that this estimate of the displacement effect might be inconsistent because of aggregation problems. For that reason many papers have used cross-section data to investigate the level of displacement between SSW and wealth (see e.g. Feldstein and Pellechio (1979) , Dicks-Mireaux and King (1984) , Hubbard (1986) and Jappelli (1995) ). In these earlier studies non-pension wealth is typically regressed on cash earnings and pension wealth (and some other controls). Gale (1998) convincingly shows that in such regressions the estimated displacement effect is biased downwards. He proposes and applies a method to remove this bias, which boils down to multiply pension wealth by an age-specific adjustment factor, called "Gale's Q". He finds an estimated offset close to 100% for a sample of US households in which the head is employed and aged between 40 and 64. Attanasio and Rohwedder (2003) and Attanasio and Brugiavini (2003) use time series of cross-section data to estimate saving rate equations derived from life-cycle models, exploiting pension reforms in the United Kingdom and Italy respectively to identify the displacement effect. Their results indicate that the effects of pensions on wealth vary significantly across households, with nearly retired individuals showing more crowd out than young workers. Engelhardt and Kumar (2011) use data on 51-61 years old working individuals from the Health and Retirement Study (HRS) in the US and adopt an instrumental variables approach to account for measurement error in wealth and individual heterogeneity, such as taste for saving. They find an average displacement effect between 53 and 67 percent. However, quantile estimates show substantial heterogeneity across the wealth distribution, with crowd-in at lower quantiles, no offset at the median and significant crowd-out for affluent households. Kapteyn et al. (2005) exploit productivity differences across cohorts and the introduction of social security in the Netherlands to find a small but statistically significant displacement effect of 11.5%. Hurd et al. (2012) use cross-country variation and cross-sectional variation in education and marital status to identify the displacement effect on financial wealth from a pooled sample of retired males aged 65 to 75 from the HRS, ELSA (UK) and SHARE (ten continental European countries). To pool these samples, all variables are aggregated by education and marital status. Their estimated displacement effect ranges between 23 and 44 percent.
We contribute to the literature by presenting new estimates of the displacement effect using micro data on both older workers and retired individuals collected by the SHARE-LIFE project in 13 European countries. Opposite to Hurd et al. (2012) and like Gale (1998) and Engelhardt and Kumar (2011) , we perform our analysis on a cross-section of households. Thanks to the retrospective nature of the data, we are able to construct a measure of the present value of past earnings using the entire job history of each respondent and the information on the first wage earned in each job. With the exception of Engelhardt and Kumar (2011) , all previous studies instead had to rely on proxy measures for past earnings, most notably current income, age, education and marital status. Moreover, actual pension benefits for those that are retired allow us to construct pension wealth; for the non-retired, we use subjective information on individuals' expected retirement age and replacement rate to compute expected pension wealth. We show that the retrospective survey data are able to generate cross-country differences in wages and pensions, as well as age-earnings profiles that are in line with expectations.
An important econometric phenomenon both in this study and the empirical literature discussed above is the impact of measurement errors on the parameter estimates. Both pension wealth and the present value of past and future earnings are typically measured with error, if not unobserved. Typically, these two measurement errors are positively correlated with each other. We show in Section 2.1 that the bias which stems from those two positively correlated measurement errors, might well lead to a spurious positive partial correlation between pension wealth and private wealth. Therefore, we introduce a restricted model for which we can sign the impact of correlated measurement errors on the estimators. Furthermore, we provide lower bounds to the true offset using a sample of retirees, for whom we know lifetime income and pension wealth from two independent series of survey questions. Although both are measured with error, the correlation between these measurement errors is likely to be small or even negligible. We cannot make this claim for the non-retired included in the full sample, for whom we infer pension benefits from multiplying the (individual-specific) expected pension income replacement rate by current income, which essentially imposes correlation between the measurement errors.
The estimated displacement effect for the full sample is equal to 47.1% using robust regression and 60.9% using median regression techniques, and in both cases significantly different from zero and 100%. We obtain lower bounds between 17% and 30%, significantly different from zero. When we use financial wealth as the dependent variable instead of net worth, we estimate the crowd-out to be between 77.8% and 87.0%, and obtain a lower bound between 53% and 69%. Using the Instrumental Variable strategy of Hansen (2005, 2008) to avoid attenuation bias from measurement errors and unobserved heterogeneity, we obtain less precise estimates which suggest full displacement. In the remainder of this paper, we first present a simple life-cycle model to guide our empirical analysis in Section 2. Section 3 discusses the variables used in this study and the assumptions we made in the computation of lifetime earnings and pension wealth. Section 4 presents the results and several robustness checks. Section 5 concludes.
Model
As most studies on this subject, we derive the equation of interest from a simple lifecycle model, which is the discrete-time counterpart of Gale (1998) . Like Gale, we assume that past changes in the pension system have been fully anticipated by the agents at the beginning of their life. We ignore uncertainty and liquidity constraints, and assume perfect capital markets that produce a constant real interest rate, r. Moreover, we assume that the retirement age, R, and non capital income at age τ, y τ , are exogenous variables. The within period utility function is assumed to be isoelastic (constant relative risk aversion [CRRA] ). The consumer maximizes lifetime utility subject to the lifetime budget constraint, i.e:
where c τ denotes consumption at age τ, E τ pre-retirement earnings, B τ pension benefits, ρ is the discount rate, L the maximum age and γ the coefficient of relative risk aversion. The first-order condition and the budget constraint characterize the consumption path:
where λ = ((1+r)/(1+ρ))
. By definition, wealth at the end of period t, A t is equal to accumulated saving. Using (2a) and (2b), we can write this as
where
is the so-called "Gale's Q" (see Gale (1998) and Engelhardt and Kumar (2011) ). Using (1b), equation (3) can be rewritten as
The term
(1 + r) t−τ B τ denotes pension wealth at age t, i.e. the present value of pension benefits.
Empirical implementation
Expression (5) leads to the following equation to be estimated for the sample of retired and non-retired individuals:
(1 + r) t−τ B τ ("Q adjusted pension wealth")
x t = a vector of demographic household characteristics that might affect savings.
The main parameter of interest is β 2 , which measures the extent of displacement between discretionary household wealth and pension wealth. The canonical life-cycle model sketched above predicts full displacement (β 2 = −1) and β 1 = 1. However, the extent of displacement might be smaller because of factors which are not considered in the canonical model such as (binding) liquidity constraints, uncertainty, endogeneity of the retirement decision and lack of financial literacy. Gale (1998) and Engelhardt and Kumar (2011) also use equation (6) as the basis of their empirical work. In the earlier literature (see e.g. Jappelli (1995) and Hubbard (1986) ) the pension wealth variable is typically not interacted with the adjustment factor Q. Gale (1998) points out that this might lead to a considerable underestimation of the crowding out effect. At the same time, Gale (1998, p. 711) shows that the Q-adjustment is also valid even if the true model does not embody perfect offset. One of the attractive features of the SHARE survey is that it contains sufficient retrospective and prospective information to proxy the variables z * 1t and z * 2t in a convincing way without relying on too many arbitrary assumptions. Gale (1998) , who uses the 1983 wave of the Survey of Consumer Finances (SCF), instead does not observe directly the present value of past and current earnings (i.e the first term of z 1t ). He therefore replaces the z * 1t regressor in equation (6) with the following variables: current income, age of the head of household and his/her spouse and earnings interacted with age and other demographic factors. 1 This approximation procedure, which is also used in many other studies, might provide rather imprecise proxies and consequently might lead to an inconsistent estimate of the displacement effect. As far as we know, Engelhardt and Kumar (2011) is the only other study to use a direct measure for the present value of past earnings, which stems from administrative records and is consequently precisely measured.
As we said before, our empirical specification is based on a very stylized version of the life cycle model. Blau (2011) formulates a richer economic model which takes into account, amongst other things, endogenous retirement choice, uncertainties and stochastic income profiles. He uses his model to generate a simulated dataset on which he fits the linear specification of Gale. He finds that this linear model over-estimates the crowd-out effect. However, Blau shows that the coefficient for pension wealth is much closer to the true displacement effect, if one adds lagged wealth to the static model of Gale. The advantage of the dynamic specification is that it controls for initial conditions such as the present value of past earnings. We believe that our model is more similar to the dynamic specification because we control for lifetime earnings in the equation.
Our first results were rather disappointing and completely refuted the basic life-cycle model: we found a negative OLS estimate for β 1 and a positive estimate for β 2 . However, we argue that these results could be driven by serious measurement error problems: instead of z * 1 and z * 2 2 , we observe the error ridden variables z 1 and z 2 :
As we explain in more detail in Section 3, there are two main reasons for measurement errors in these variables. First, the wage earned (or pension benefit received) may be reported incorrectly. Second, we interpolate the wages and extrapolate pension benefits to compute the lifetime wage path and pension wealth, which is obviously a simplification of reality. Moreover, it is rather likely that in our data the measurement errors η 1 and η 2 are positively correlated with each other: Cov(η 1 , η 2 ) ≥ 0. On top of this we make the following assumptions about the measurement errors:
In Appendix B, we show the results when applying Gale (1998) 's method to the SHARE dataset. We obtain positive but insignificant estimates of the displacement effect, contrary to Gale. Our result can be explained by the presence of correlated measurement errors in income and pension wealth, as we detail in Appendix B. For the SCF, such a problem does not occur.
2 From now onwards, we drop the t index for notational convenience.
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Substitution of equation (7) into (6) yields
The linear projectionÊ * (A|1, z 1 , z 2 , x) is equal tô
Given our assumptions on the measurement errors, one can easily show thatÊ * (ε|1, z 1 , z 2 , x) = 0. So the biases, if any, are equal to −β 1Ê
By the projection formula (see Hayashi (2000, Section 2.9)):
. Therefore, the projection coefficients can be rewritten as
where a 1 and a 2 are respectively the first and second column of the inverse variancecovariance matrix
Therefore the biases in the OLS estimatorsβ OLS 1 andβ OLS 2 are equal to 
The direction of the asymptotic bias in the OLS estimatorβ OLS 1 depends on the signs of the elements in the vector a 1 . The first element of a 1 , a 11 , is unambiguously positive (it is a diagonal element of the inverse of a variance-covariance matrix). The second element a 21 is presumably negative because one would expect that Cov(z 1 , z 2 ) > 0 and that the correlation between (z 1 , z 2 ) and x is not unusually large. In our dataâ 21 is indeed negative. Equation (13) suggests that under the validity of the simple life-cycle model (β 2 = −1 and β 1 = 1) and under the (plausible) assumptions
is downward biased. The first term on the right hand side of equation (13), (−(β 1 σ 2 η 1 + β 2 σ η 1 η 2 )a 11 ) depicts the usual (downward) attenuation bias. The second term on the right hand side of equation (13) reveals that, sinceâ 21 is actually smaller than zero, the measurement error in z 2t aggravates the downward bias inβ OLS 1 . The estimator could even converge in probability to a negative number! Along the same line of reasoning one can argue thatβ OLS 2 is upward biased and that the upward bias in this OLS estimate is exacerbated by the measurement error in z 1 . As we said before, we find that the OLS estimate of β 2 is positive. In other words, measurement error problems could drive the estimation results indicated above. 3 The OLS estimate of the displacement effect presented by Engelhardt and Kumar (2011) also suggests pensions wealth crowds in non-pension wealth. We believe that their OLS estimate of the displacement effect is severely upward biased because the measurement errors in their right hand side variables "current earnings" and "Q adjusted pension wealth" are likely to be positively correlated. 4 In order to be able to sign the bias associated with the measurement error problem, we impose the restriction β 1 = 1 in the estimation. In other words, we estimate the following model instead of equation (8):
(1 + r) t−τ E τ ) but proxy this regressor by a survey measure of current earnings, age, expected retirement age and region of birth plus some interaction terms. They address the measurement error in the pension wealth variable by adopting IV estimation. However, they do not take into account that the measurement error in current earnings might affect their estimate of the displacement effect.
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It is easy to show that in this case the bias in the OLS estimatorβ OLS 2 is equal to
whereã 11 is the first diagonal element of the inverse variance-covariance matrix
Obviously,ã 11 > 0. In case of 1) full displacement (β 2 = −1), 2) zero correlation between x and z 2 , 3) nonnegatively correlated measurement errors (σ η 1 η 2 ≥ 0) and 4) under assumption (15b), equation (17) implies that the OLS estimate for β 2 is upward biased and that −1 < plimβ OLS 2 < 0. 5 If there is only partial displacement (−1 < β 2 < 0), we cannot determine the direction (upward or downward) of the bias in the OLS estimate. In the empirical section we will carry out a sensitivity analysis in which we estimate model (16) on the subsample of retirees. As we will explain in the next section, for this subsample the measurement errors in z * 1t and z * 2t are likely to be uncorrelated (σ η 1 η 2 = 0). In that case, the estimate of the displacement coefficient will be attenuated irrespective of the true value of β 2 . However, we still learn something from the estimation using both retired and non-retired individuals. Even in the presence of measurement error in pension wealth we would expect that the estimate of the displacement coefficient is negative. 6 In order to address the measurement error problem, one could opt for IV estimation as in Engelhardt and Kumar (2011) . Like Attanasio and Brugiavini (2003) and Attanasio and Rohwedder (2003) , they point out that Q adjusted pension wealth should be instrumented for other reasons, such as omitted variable bias resulting from unobserved heterogeneity. For instance, some 'patient' households may have a high taste for saving. We pursue this strategy in Section 4.1. In all cases, to limit the impact of outliers (e.g. due to 5 To see this, note that if β 2 = −1 we can write the right hand side of equation (17) as
If we additionally assume zero correlation between x and z 2 (ã 11 × Var(z 2 ) = 1) and 0
< 1 and consequently −1 < plimβ OLS 2 < 0. In our data, the correlation between z 2 and x is low enough, as we find thatã 11 × Var(z 2 ) = 1.30 × 0.68 = 0.884, and hence equations (17) and (18) 
This can be seen as follows: if 0 ≤ σ η 1 η 2 equation (17) implies that:
In our data 0
Var(z 2 )ã 11 Var(z 2 ) < 1 becauseã 11 Var(z 2 ) = 0.884 (see footnote 5). Therefore equation (19) implies that plimβ OLS 2 < 0 if there is any displacement (β 2 < 0). measurement error), we use robust and median regression techniques to estimate β 2 and γ.
Data
In our empirical analysis we use data from the Survey of Health, Ageing and Retirement in Europe (SHARE). The SHARE project started with wave 1 in 2004/05, collecting information on the current socio-economic status (income, wealth, housing), health and expectations of European individuals aged 50 and over and their partners. A first longitudinal follow-up was collected with wave 2 in 2006/7, when new countries joined the project and a refresher sample was added to maintain the representativeness of the survey. In 2008/2009 the third wave of data collection, known as SHARELIFE, asked all previous respondents (waves 1 and 2) and their partners to provide information not on their current situation but on their entire life-histories. The retrospective information ranges from childhood health to relationships to housing to work careers. 7 SHARELIFE interviewed 15,170 females and 11,666 males in 17,901 households and was conducted in thirteen European countries: Austria, Germany, Sweden, the Netherlands, Spain, Italy, France, Denmark, Greece, Switzerland, Belgium, the Czech Republic and Poland.
Our analytical sample consists of 3,590 males born between 1931 and 1952, aged 55-75 in the interview year of wave 2. We restrict the sample to males as we would need to make many assumptions for broken careers, typical for women with children. The literature discussed in Section 1 focuses on males as well. In our sample selection, we drop those individuals who never worked or did not report any wage in SHARELIFE (2,012 cases), and respondents aged below 55 or above 75 (2,581 cases) to have a sample consisting of individuals around retirement. We keep persons that have been self-employed at any stage during their career, but drop those that worked for less than 20 years (97 cases) to exclude the disabled. We exclude males for whom only one wage point is available (1,670 cases), and retirees with missing pension benefits or workers with missing expected replacement rates (1,592 cases). We trim compounded labour income and pension wealth by 1% from above and below in each country to end up with our final sample of 3,590 observations. All monetary amounts are expressed in PPP-adjusted 2006 German Euros, irrespective of in which country and in which year these amounts were earned. To estimate equation (16), we compute the following variables.
• Non-pension wealth, A t , is mostly obtained from wave 2. We resort to information from wave 1 only for those individuals who dropped out of the survey in wave 2 but were then retrieved in SHARELIFE. In our analysis we use both household net worth and net financial wealth as dependent variables. According to Gale (1998, p. 713 ) a narrow measure of non-pension wealth, such as financial wealth, may be unable to detect much of the displacement, as pension wealth is accumulated over a long period. On the other hand, Hurd et al. (2012, p. 10) argue that financial wealth is more liquid than real wealth and hence more prone to being displaced by pension wealth. Our measure of net financial wealth is equal to gross financial assets (bank accounts, government and corporate bonds, stocks, mutual funds, individual retirement accounts, contractual savings for housing and the face value of life insurance policies) minus financial liabilities. Net worth is the sum of net financial wealth and real wealth, where the latter is the sum of the value of the primary residence net of the mortgage, the value of other real estate, owned share of own business and owned cars. Missing values for each of the components of wealth are replaced by five simulated versions, following multiple imputation techniques (Christelis, 2011) . In total, for 56% of the analytical sample one of the separate components of net worth has been imputed, although for less than 15% of the sample more than one component was imputed. All equations are estimated using multiple imputations techniques.
• Compounded labour income,
(1 + r) t−τ E τ , is calculated from SHARELIFE.
The job history section in SHARELIFE asks the respondents to provide start and end dates of each job the respondent has held, as well as the first monthly wage after taxes. For the self-employed, monthly income from work after taxes is asked instead. The respondent also identifies his main job during his career. For the retirees, the last monthly net wage (or, for the self-employed, net income from work) of the main job is asked. For those that are still employed at the time of the SHARELIFE interview, the current wage is asked instead. We use the data to construct a panel with one observation per year per individual, from birth to the wave 2 interview year. The wage path is obtained using linear interpolation between the first wage on each job, the last wage of the main job and the current wage for the employed. For those still working in wave 2, we use the wage in that year as an additional point on the wage path. 8 As for non-pension wealth, these wages have been imputed in case of missing values (9%). During unemployment years, we assign the respondent a wage equal to 80% of their last earnings. We convert all incomes to annual PPP-adjusted German Euros of 2006 following the procedure explained in Trevisan et al. (2011) . Period 1 is taken to be the start of the working career, and we compound up to the wave 2 interview year for the employed 9 , and the year before receiving retirement benefits for the retired 10 , using an annual real interest rate of 3%, as in Hurd et al. (2012) and Attanasio and Rohwedder (2003) . After compounding, we have a cross-sectional dataset, with one observation per individual, as observed in the interview year of wave 2.
• Future labour income,
(1 + r) t−τ E τ , which needs to be calculated only for the employed sample, is computed under the assumption of constant real wages (y τ = y t τ = t + 1, ..., R). Retirement starts in the in which the individual reaches his expected retirement age, obtained from wave 2, or the statutory retirement age (65 in each country except France (60) and Czech Republic (62) in 2007, as reported in Angelini et al. (2009) ) in case of item non-response to that question. We use countryspecific 2006 life tables from the Human Mortality Database (www.mortality.org) to weight all future incomes by the probability of survival.
• Pension wealth, z 2t =
(1 + r) t−τ B τ , for the retired is calculated under the assumption of constant real pension benefits, which is more or less in line with pension systems in the countries we study. The level of benefits is taken primarily from SHARELIFE, and wave 2 pension benefits are used in case of item non-response (13% of the analytical sample). For the employed, we use the expected replacement rate 11 from wave 2, multiplied by current wage, to obtain expected pension benefits 12 . Again, all future incomes are weighted by survival rates and we assume a maximum age of 110.
• Pension wealth adjustment, Q(λ, t) is computed using expression 4, with r = ρ = 0.03 (or λ = 1.03 −1 ).
• Explanatory variables, x t , include a set of indicator variables to capture differences across households. Specifically, we include an indicator for higher education (ISCED ≥ 4, post-secondary and tertiary education), medium education (ISCED=3, secondary education), aged 55-60, aged 70-75, married, no children, self-reported bad health, second earner in the household, and spells without work during the career. In other specifications, we control additionally for inheritances received in the past using both an indicator and the amount; an indicator for being retired; or characteristics (education and health) of the spouse. All regressions have a full set of country fixed effects, with Germany as the base country.
11 The exact question to elicit the expected replacement rate for old age pensions, occupational pensions or early retirement benefits is stated as follows: "Please think about the time in which you will start collecting this pension. Approximately, what percentage of your last earnings will your pension amount to?". We take the maximum replacement rate from these pension categories as the individual's expected replacement rate. Given our age selection (55-75), we believe that the employed respondents provide sensible answers to this question. 12 For those that retired between waves 2 and 3, we take their pension benefit as reported in SHARELIFE.
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We emphasize that compounded labour income and pension wealth, z 1t and z 2t , for the retired subsample are computed from two different sets of questions. Therefore, while both are likely measured with error, these errors are less likely to be correlated. For the working, by using the expected replacement rate, pension wealth is nearly a linear function of current income, with a sample correlation of 0.83, and hence the measurement errors are likely correlated. We use this observation to conduct a sensitivity analysis in Section 4 by selecting only the retired subsample. Table 1 shows sample statistics for the two main variables obtained from the retrospective survey, annual labour income and annual pension income, as well as for net worth and financial wealth, by country and work status. We compute average annual labour income as the sum of all annualized wages divided by years worked 13 ; annual pension income is equal to the sum of pension incomes until death divided by remaining life expectancy. 14 We emphasize that the amounts reported here are for one earner only, hence household labour income or pension income is likely to be higher. Furthermore, the amounts, although corrected for inflation and currency devaluations, could have been earned already in the 1950's, and hence are relatively low compared to current earnings. The cross-country pattern of median labour incomes is encouraging, we believe, for the reliability of retrospective data; countries like Poland and the Czech Republic have considerably lower wages and pensions compared to Western European countries, while wages and pensions in Switzerland are higher. Table 1 also makes clear that there are likely to be cohort effects in earnings and, via the replacement rate, in pensions: those still working in the wave 2 interview year have substantially higher wages and pensions than those already retired.
Sample characteristics
We also investigate the dynamic properties of earnings by estimating age-earnings profiles by country group: North represents Sweden, Denmark and the Netherlands, Mid-West includes Austria, Germany, Switzerland, France and Belgium, South includes Spain, Italy and Greece and East represents Poland and Czech Republic. In particular, we estimate a regression of the log of monthly real wage (in e1,000) on a 4 th -order polynomial in age, for both low and high educated individuals. We use a fixed-effects specification to deal with unobserved heterogeneity. Figure 1 shows the implied age-earnings profiles. Earnings for low-educated individuals are lower than for high-educated persons, as expected. Moreover, we observe a more hump-shaped profile for high-educated, with wages rising faster in early ages. From what we know from earlier literature, these patterns are not surprising, and provide evidence in favor of retrospective earnings in- formation. 15 Table 2 shows sample statistics for the remaining variables used in this study. 69% of the sample is retired at the time of the wave 2 interview, while only 0.3% is unemployed. On average, the males in our analytical sample have only one year of unemployment, and have been working for 40 years. The vast majority is married, and 61% have a second earner in the household. 13 Note that this is similar to our measure of compounded labour income, using r = 0 instead, and dividing by years worked.
14 Remaining life expectancy is calculated using the country-specific mortality rates, conditioning on survivorship until the real age at the wave 2 interview year. 15 We do not correct for cohort effects and labor supply effects (e.g. reduced hours of work later in life). Given our sample selection (20 year-of-birth cohorts and men with at least 20 years of work experience), these are not likely to distort the age-earnings profiles much.
Results
We estimate the model represented in equation (16) both using robust regression and median regression techniques, as Gale (1998) does. Since wages and pension benefits from wave 2 and the measures of non-pension wealth have been imputed five times in case of missing values, we use multiple imputation techniques to obtain the correct coefficients and standard errors (Little and Rubin, 2002) . 16 The results are presented in Table 3 . Our controls include two age dummies 17 , marital status, presence of children, education, health, the country of residence and indicators for whether in the family there has been a second income earner and whether there were years of unemployment in the working career, as well as country fixed effects (see Table A .6). For median regression, standard errors are based on 1000 bootstrap replications. Our results for the full sample imply an estimated offset 18 between 47.1% and 60.9% depending on the estimation method: the offset is significantly different from zero at all conventional levels and significantly different from 100%, although not at the 1% level in the case of median regression (columns (1) and (4) of Table 3 ). As Gale (1998), we also find that robust regression estimates of the offset are qualitatively the same as median regression estimates but quantitatively smaller. The control variables are mainly insignificant, with the exception of the indicator for gaps in the career, resulting in less wealth, and strongly significant age effects. Although insignificance of, for example, education may seem surprising, we emphasize that education correlates with compounded labour income, included in our regressions. The country-fixed effects are highly significant. β m −β β m −β , which takes into account both within-and between-imputation variance. 17 As we estimate a cross-sectional regression, we cannot distinguish between age, cohort and time effects. 18 The offset is simply the negative of the estimated coefficient for pension wealth.
As argued in Section 2.1, the estimates for the full sample are likely to be biased, away from zero due to the fact that measurement errors in z 1t and z 2t are possibly correlated for the non-retired (cf. equation (17)) and towards zero due to measurement error in pension wealth. Since these biases work in opposite direction, we can only hope that these balance out on aggregate. In columns (2) and (5) we report the estimated crowdout for the group of retirees. For this group, as argued above, the correlation between the measurement errors in compounded labour income and pension wealth (i.e. σ η 1 η 2 from Section 2.1) should be considerably smaller or even negligible for this group, and hence, the estimate should only be affected by attenuation bias due to measurement error in pension wealth. Therefore, we can consider the estimates for the group of retirees as a lower bound for the true offset. Indeed, we find that the attenuation bias gives parameter estimates towards zero, and hence a lower estimated offset compared to the full sample results. The estimated displacement effect is significantly different from zero only with robust regression.
One issue with selecting the sample of retirees is that, although we do not explicitly model the retirement decision, it might be endogenous. Therefore, in columns (3) and (6), we do not select the sample based on retirement status, which could lead to endogenous sample selection and hence inconsistent parameter estimates, but using an age criterion: those aged 60 or below are dropped independent of retirement status (in our sample average retirement age is 59.1, see Table 2 ). In the remaining group of 2415 males, around 90% is retired, compared to 70% in our baseline results. Effectively, for this old sample, the effect of correlated measurement errors should be similar to selecting only the retirees, which is confirmed by the parameter estimates. The estimated offset is between 17.3% and 30.6%, and is significantly different from zero at the 10% level. 19 Table 3 with the following modifications: (1) using financial wealth as dependent variable, full sample, (2) using financial wealth as dependent variable, retired sample, (3) using financial wealth as dependent variable, old sample, (4) controlling for received inheritances (binary and amount), (5) controlling for partner's education and health status, (6) and (7) interacting all covariates with the high-education dummy and (8) excluding countries with large occupational pensions
We check the robustness of our results in Table 4 (see Tables A.7 and A.8 for detailed results). In columns (1) to (3) we consider net financial wealth rather than total net worth and we include housing wealth among the control variables. 20 The reason for doing so is that, according to Hurd et al. (2012) , real wealth is mostly illiquid and its accumulation is likely to be driven by motives other than retirement planning. Housing in particular may be a consumption rather than an investment good, and as such affect the displacement effect. When we use financial wealth, for the full sample we cannot reject the hypothesis of full displacement using median regression. This result is in contrast with the findings of Gale (1998) , according to which the offset is larger when using broader measures of wealth. For the sample of retirees, we find that for financial wealth the displacement effect is significantly different from zero, while for net worth this was true only using robust regression. Using the reasoning of Section 2.1, as σ η 1 η 2 ≈ 0, these estimates may be interpreted as lower bounds for the true offset, and hence we reject the hypothesis of no displacement. As expected, the offset for the old sample is very similar in magnitude to that estimated for the sample of retirees.
In the remaining robustness checks we focus only on the full sample because the results are qualitatively unchanged when we select the retirees or the old sample (they are available upon request from the authors). In columns (4) and (5) we add to our specification other explanatory variables that might be relevant in determining non-pension wealth. In particular, in column (4) we control for whether the individual has ever received inheritances or gifts worth more than e5,000 during his life and the total amount received. Indeed, for some individuals inheritances and monetary gifts might be an important component of non-pension wealth. Our results show that, although these variables are highly significant with the expected positive sign (see Tables A .7 and A.8) , the estimated offset is still in the same range as before and significantly different from 0 and 100%. Column (5) shows that including controls for the education level and health status of the partner does not affect our main results. Changing the fixed parameters r and ρ to 2% (4%) does not affect the qualitative results (not reported); the estimated offset equals 23.6% (87.7%) using robust regressions, significantly different from zero at the 1% level.
As in Gale (1998) and Engelhardt and Kumar (2011) , in columns (6) and (7) we interact all covariates with the high-education dummy, and report the estimated displacement effect for the high-and low educated groups 21 . We find that the offset is not significantly different from 100% for the highly educated, while the displacement effect is substantially lower in absolute value terms and not significantly different from zero offset for the less-educated sample. This result can be explained by the fact that individuals with higher education are more likely to be financially literate and to plan for retirement, while less educated individuals are more likely to procrastinate (see e.g. Laibson et al. (1998) ).
Finally, in column (8) we exclude those countries for which occupational pensions are typically a substantial share of pension income for retirees: Germany, Sweden, Denmark, the Netherlands and Belgium. In these countries, pensions may be seen as a form of private wealth, causing wrong inference on the displacement effect. The estimated crowd-out is about 10 percentage points lower compared to our baseline result using robust regression, and 15 percentage points higher using median regression. Overall, the results do not seem to be driven by the type of pension system in a particular country. The results are also robust to leaving one country out at the time (not reported). Using robust regression, the estimated displacement effect ranges between 38.6% when The Netherlands is left out of the analysis, to 57.5% when leaving out Italy, all significantly different from zero at the 1% level. Figure 2 shows the displacement effect by country group 22 , where North represents Sweden, Denmark and the Netherlands; Mid-West represents Austria, Germany, Switzerland, France and Belgium; South includes Spain, Italy and Greece and East represents Poland and Czech Republic. The estimates are obtained using robust regressions, and we plot 90% confidence intervals around the point estimates. In the Northern countries the extent of displacement of net worth is the highest (91%), and crowd-out is least in the South (11%), although the confidence intervals are wide. The pattern is similar when looking at financial wealth, although the offset is the lowest in the Eastern countries. More generous welfare systems (including social security) in the Northern countries could reduce the need to save for other reasons than retirement, such as precautionary savings. Also, more developed capital markets are likely to relax liquidity constraints. 22 The sample sizes are too small to consider country-specific analysis.
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For these reasons, the displacement effect could be higher in the Northern countries compared to the Southern or Eastern European countries.
Another explanation of these findings can be found in the cross-country studies on Financial Literacy around the World 23 (Lusardi and Mitchell, 2011) . These "FLat World" studies investigate responses to three comparable financial literacy questions in countryspecific socio-economic surveys, focusing on the concepts of interest rates, inflation and risk diversification. The results show that the Netherlands (Alessie et al., 2011) and Sweden (Almenberg and Säve-Söderbergh, 2011 ) score relatively well with 46.2% and 26.7% of respondents aged 25-65 answering all three questions correctly 24 . In Germany 56.8% of the sample provides three correct answers (Bucher-Koenen and Lusardi, 2011) . In Italy, 28.3% answers all correctly (Fornero and Monticone, 2011) , while in Russia 25 only 3.4% answers all correctly (Klapper and Panos, 2011) . Jappelli (2010) conducts a panel data study using data from the International Institute for Management Development's World Competitiveness Yearbook (IMD-WCY). Jappelli finds a positive relationship between a country's GDP per capita and its economic literacy 26 using fixed-effects regressions, as well as the highest literacy scores in Denmark, Switzerland, the Netherlands and Sweden and the lowest scores in Poland, Italy and Spain. The evidence presented is certainly not exhaustive, but still seems to suggest more literate households in the Northern or Western countries, and less literacy in the Southern or Eastern countries, consistent with our results given the strong correlation between financial literacy and planning for retirement found in these same studies. Still, our cross-country results should be treated with caution, as the confidence intervals are wide, and, in fact, the group-specific estimates are never significantly different from the pooled displacement effect.
Overall, our results show that there is heterogeneity in the estimated offset across different groups of the population. However, the displacement effect is almost always significantly different from zero, indicating some degree of crowding out of private savings by pensions.
The endogeneity of pension wealth
Although we have suggested an approach to limit the effect of measurement error, our results might still be biased due to the presence of unobserved heterogeneity. For example, taste for saving is likely to influence both pension wealth and private savings. Since both the dependent and the endogenous right-hand-side variable are positively affected by the unobserved taste for saving, the estimates of the displacement effect that we have obtained so far are likely to be attenuated. Therefore, we can still conclude that there is crowding out but its magnitude might be underestimated.
We try to overcome this endogeneity problem by using an instrumental variable identification strategy, which at the same time should reduce the impact of measurement error. We construct an instrument in the same spirit of that of Engelhardt and Kumar (2011) , exploiting institutional differences across countries and groups of individuals. First, we compute median 27 pension benefits by country and employment sector (employee, civil servant and self-employed), relying on the information from the second wave of SHARE. Second, for each individual we calculate a "potential" pension wealth variable, using the relevant median benefit and the statutory retirement age that was in place at the time of retirement. Therefore, there are three sources of variation in our instrument: the country of residence, the sector of employment and the legal retirement age in place when leaving employment. For the validity of the instrument, we need to assume that, conditional on demographic characteristics, education, wealth and the country of residence, workers do not sort across employment sectors based on the taste for saving which is included in the error term. This assumption is similar to that made by Attanasio and Brugiavini (2003) and Engelhardt and Kumar (2011) . Note that the instrument does not depend on any other individual characteristics which could be correlated with unobserved heterogeneity. We report results for our instrumental variables estimation in Table 5 (see Table A .9 for the detailed results). There are two cautionary notes to bear in mind. First, we only present the results of IV quantile regression because the theory for IV robust regression is non-standard and we have not yet found a way to apply it to our context. Second, we employ the identification strategy of Chernozhukov and Hansen (2005) , which provides consistent but imprecise estimates, a fact that has been noted by Chernozhukov and Hansen (2008) and Engelhardt and Kumar (2011) as well. Therefore, we focus only on the point estimates and not on the confidence intervals.
As expected, the estimated displacement effect is higher when correcting for the attenuation biases from endogeneity and measurement error, both if we focus on the full sample and if we consider only the retirees or the old sample. The partial F-statistic of the first stage (OLS) regression exceeds the "weak" instrument threshold of 10. The point estimates suggest full displacement, although the large standard errors yield insignificant results for pension wealth. 
Conclusion
In this paper, we use SHARE data to come up with new estimates of the displacement effect of pensions on household wealth. The third wave of this survey, known as SHARELIFE, collects retrospective data on lifetime earnings, which can be linked to data on household wealth and subjective data on the expected replacement rate and retirement age collected in previous waves. Consequently, we are able to approximate in a convincing way the main variables needed to estimate the extent of crowding out between pension wealth and private wealth. In particular, we can compute both the present value of past and future income and pension wealth. According to our robust (median) regression results, each euro of pension wealth is associated with a 47 (61) cent decline in non-pension wealth. However, these results should be interpreted with caution: although we suggest an approach to limit the effects of correlated measurement errors in lifetime earnings and pension wealth, our estimates could still be biased and the direction of the bias is unclear. As Gale (1998, p. 720) stated, "pension wealth data are of generally poor quality; all methods of calculating pension wealth in defined benefit plans are likely to create measurement error". For this reason, we estimate our model also on a sample of retirees and older households, for whom the information on lifetime earnings and pension wealth comes from two different sources. For this group measurement error, although present, is likely to be uncorrelated and the direction of the bias in our preferred specification is thus clear: parameter estimates are attenuated and, therefore, they can provide lower bounds to the true offset. We find that the lower bounds for the crowd-out are significantly different from zero and they range between 17% and 30%, depending on the estimation method.
We also find that the extent of the crowding out effect differs across education groups: for the low educated, we do not find any evidence of displacement whereas for the high educated pension wealth completely crowds out private wealth. Moreover, the level of displacement is limited in the Mediterranean and Eastern European countries. The IV estimates, instrumenting pension wealth to account for omitted variable bias, suggest full displacement although estimated with less precision.
Our results shed light on the impact of recent and future pension reforms in Europe. The main results suggest that European households will react to reductions in pensions by increasing private savings, although not strong enough to smooth consumption over the life-cycle. Government policy should focus especially on the less-educated and perhaps financially illiterate households, for which we have shown limited displacement.
Although we have suggested strategies to address the issues of measurement error and unobserved heterogeneity, more work needs to be done. Most notably, future waves of SHARE can be used to construct a panel data set, with which unobservable household characteristics as well as the choice of retirement date can be addressed. 
A. Detailed estimation results

B. Advantages of retrospective information
In this appendix, we discuss the advantage of retrospective earnings information compared to the traditional approach, used by, amongst others, Gale (1998) . Our main interest is in estimating the parameter β 2 , the displacement effect, in the regression equation A = z 1 β 1 + z 2 β 2 + x γ + ε where A denotes private wealth, z 1 permanent income, z 2 pension wealth and x a vector of controls. Using retrospective earnings data from SHARELIFE, z 1 is a one-dimensional measure of lifetime income, measured with error. Using the approach of Gale (1998) , z 1 β 1 is replaced by g 1 δ 1 , where g 1 is a vector of variables proxying lifetime income, consisting of education, age, current income, marital status and the expected age of retirement. Hence, g 1 is a multi-dimensional measure of lifetime income, again measured with error. The economic model presented in Section 2 provides a value for β 1 = 1, which we can use to estimate a restricted model, such that we can sign the direction of the bias in the estimated displacement effect. Instead, economic theory does not provide any intuition regarding the magnitude of the elements in δ 1 , and hence a restricted estimator is not feasible.
The SHARE survey contains enough information to estimate Gale's model on the sample of non-retirees. 28 An important impedient to this approach is that SHARE asks individuals to report an expected replacement rate of pension benefits. Expected pension benefits can then simply be computed by multiplying this replacement rate by current income. In contrast, the Survey of Consumer Finances (SCF) used by Gale asks respondents to provide an expected money amount of pension benefits. 29 This difference in survey questions has important consequences for estimating Gale (1998) 's model: using SHARE data, pension wealth is a linear function of current income, and hence the measurement error in pension wealth correlates with the measurement error in g 1 . Using the SCF, one may reasonably argue that the measurement errors in g 1 and z 2 are uncorrelated. The derivation of Section 2.1 clearly shows that this correlation biases the coefficients further away from the true values. Table B .10 shows the results of estimating Gale (1998) 's model using SHARE data, without using any retrospective earnings information, for the sample of non-retirees. In column (I), we proxy permanent income with Age, monthly real income (in e000's), education, marital status, a dummy for a second earner in the household, and the expected age of retirement. In column (II), we additionally include interactions between age and income as well as education and income. Table B .10 shows that the estimated displacement effect is positive and not significantly different from zero using Gale (1998) 's approach with SHARE data. The bias towards zero, compared to the model's prediction, is most likely driven by correlated measurement errors between pension wealth and current income, as predicted in Section 2.1 (see equation 14). In column (II), the marginal effect of income for a 60-year old, high educated respondent equals 0.43, significantly different from zero (p=0.004), which is comparable to the effect of income in column (I). We conclude that one cannot use SHARE data to estimate the displacement effect, due to the presence of measurement errors. The approach we suggest in this paper, combining economic theory with retrospective earnings information, does allow for the identification of the displacement effect. 
